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ABSTRACT 
This dissertation research is concerned with the study of two important traffic 
phenomena; merging and lane-specific traffic behavior. First, this research investigates 
merging traffic behavior through empirical analysis and evaluation of freeway merge 
ratios. Merges are important components of freeways and traffic behavior around them 
have a significant impact in the evolution and stability of congested traffic. At merges, 
drivers from conflicting traffic branches take turns to merge into a single stream at a rate 
referred to as the “merge ratio”. In this research, data from several freeway merges was 
used to evaluate existing macroscopic merge models and theoretical principles of 
merging behavior. Findings suggest that current merge ratio estimation methods can be 
insufficient to represent site-specific merge ratios, due to observed within-site variations 
and unaccounted effects of downstream merge geometry. To overcome these limitations, 
merge ratios were formulated based on their site-specific lane flow distribution (LFD), 
the proportion of flow in each freeway lane, for two types of merge geometries. Results 
demonstrate that the proposed methods are able to improve merge ratio estimates, 
reproduce within-site variations of merge ratio, and represent more effectively 
disproportionate redistribution of merging flow for merges where vehicles compete 
directly to merge due a downstream lane reduction.   
Second, this research investigates lane-specific traffic behavior through empirical 
 ii 
analysis and statistical modeling of lane flow distribution. Lane-specific traffic behavior 
is also an important component in evaluating freeway performance and has a significant 
impact in the mechanism of queue evolution, particularly around merges, and bottleneck 
discharge rate. In this research, site-specific linear LFD trends of three-lane congested 
freeways were investigated and modeled. A large-scale data collection process was 
implemented to systematically characterize the effects of several traffic and geometric 
features of freeways in the occurrence of between-site LFD variations. Also, an 
innovative three-stage modeling framework was used to model LFD behavior using 
multiple logistic regression to describe between-site LFD variations and Dirichlet 
regression to model recurrent combinations of linear LFD trends. This novel approach is 
able to represent both between and within site variations of LFD trends better, while 
accounting for the unit-sum constraint and distribution assumptions inherent of 
proportions data. Results revealed that proximity to freeway merges, a site’s level of 
congestion, and the presence of HOV lanes are significant factors that influence site-
specific recurrent LFD behavior.  
Findings from this work significantly improve the state-of-the-art knowledge on 
merging and lane-specific traffic behavior, which can help to improve traffic operations 
and reduce traffic congestion in freeways. 
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 1 
INTRODUCTION 
Traffic congestion is a major problem affecting mobility, safety, environment, and 
quality of life in general. The field of traffic flow theory seeks to mathematically explain 
the interactions between vehicles, drivers, and infrastructure. A thorough understanding 
of traffic behavior is essential to develop and implement effective strategies to eliminate 
this problem. Thus, extensive research has been conducted in order to model and 
understand the onset, evolution and propagation of traffic congestion. Significant 
breakthroughs have been made as a result of many years of research, including the 
development of the LWR model (Lighthill and Whitham, 1955; Richards, 1956) and 
Newell’s simplified kinematic wave model (Newell, 1993). The models have been shown 
to effectively represent important traffic characteristics such as the mechanism of 
bottleneck activation and spatio-temporal longitudinal queue propagation. Yet, despite 
the elegance, simplicity and effectiveness of the models in representing important traffic 
phenomena, the models present several drawbacks. Some of them include their inability 
to describe traffic behavior for non-homogenous roadway sections, i.e. sections beyond 
merges and diverges, and their assumption of homogenous lane-wise traffic behavior. 
This dissertation addresses both of these limitations. Specifically, this dissertation is 
concerned with the study and modeling of freeway merging and lane-specific traffic 
behavior through empirical analysis of freeway merge ratios and lane flow distribution.  
Merges are important physical components of roadways and the behavior of 
traffic around them significantly affects the performance of freeway networks, especially 
during congestion. At merges, drivers from conflicting traffic streams must compete to 
merge. The behavior of traffic around merges significantly affects traffic dynamics 
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upstream and is linked to important traffic phenomena such as capacity drop 
(Elefteriadou et al., 1995; Cassidy and Rudjanakanoknad, 2005; Laval et al., 2005; 
Leclercq et al., 2011) and traffic oscillations (Mauch and Cassidy, 2002; Ahn et al., 
2010). Thus, the understanding of merging traffic behavior is essential for the effective 
prediction of congestion evolution and implementation of traffic control strategies.  
Many have studied and modeled the behavior of merging traffic (Papageorgiou, 
1990; Daganzo, 1994, 1995, 1996; Lebacque, 1996; Banks, 2000; Jin and Zhang, 2003; 
Ni and Leonard, 2005; Chevallier and Leclercq, 2009a, 2009b). Particularly, a widely 
accepted model suggests that traffic from two congested traffic streams compete to merge 
into a single stream at a fixed ratio, referred to as a “merge ratio” (Daganzo, 1995). In the 
lack of empirical evidence, a merge ratio is assumed to be constant, though site-specific, 
irrespective of the merge outflow. A merge ratio is a key component to predicting 
congestion propagation and evaluating freeway performance in sections upstream of 
merges. Empirical studies on the merge model have shown that the simple assumption of 
a constant merge ratio is reasonable and that merge ratios are site-specific depending on 
the merge geometry (Cassidy and Ahn, 2005). This indicates that field measurements of 
merge ratio are needed at individual merges, which can be cumbersome for network 
applications. Furthermore, some observed deviations from the linear assumption suggest 
that unknown exogenous factors influencing merge ratio are present. Others have 
suggested that merge ratios follow a “fair share” merging behavior (Ni and Leonard, 
2005; Jin and Zhang, 2003). Under this assumption, merge ratios are determined in 
proportion to the capacities of the merging approaches, i.e., the capacity ratio. However, 
others argue that capacity is difficult to observe in practice and that the capacity ratio is 
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intuitively similar to the “lane ratio” (based on the number of lanes of each incoming 
approach) since the capacity of a merging stream is mostly dictated by its number of 
lanes. Following this premise, lane ratio was shown to be a reasonable proxy for merge 
ratio in the absence of field observations (Bar-Gera and Ahn, 2010). However, significant 
observed deviations from lane ratios suggest that other factors influence merge ratios and 
further analysis is needed for better accuracy. An alternative premise, the “zipper” rule, 
has also been suggested to describe the interaction of vehicles at congested merging 
streams. This premise suggests that vehicles on the lanes adjacent to the merge compete 
to merge on a one-to-one basis while the flow on the other lanes remains constant 
(Daganzo, 1996).  
The discussed findings and proposed merge models have provided reasonable 
methods to approximate merge ratio and they have improved our understanding in 
merging traffic behavior. However, there are several important unknowns in our current 
understanding of merging traffic and merge ratio estimation methods. Thus far, merge 
ratio has been considered to be fixed within a site in the lack of extensive empirical 
evidence. However, observed deviations from the assumption of constant merge ratio 
have not been systematically studied and characterized. In addition, the lane ratio method 
provides a single merge ratio estimate. Thus, the method becomes inadequate for merges 
where the merge ratio varies within a site. Furthermore, the “fair share” and “zipper” 
merging principles have not been empirically tested and compared. In addition, the 
proposed merge ratio estimation methods only take into account the geometry upstream 
of the merge and do not consider the impacts of geometry downstream of the merge. 
Finally, the impact of lane-specific traffic characteristics in merging behavior has not 
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been previously studied.  
The understanding of lane-specific traffic behavior is also an important 
component essential to effectively model and control traffic congestion. Earlier 
assumptions of homogenous lane-wise traffic behavior have been shown to be inaccurate 
and it has been observed that, in fact, traffic behavior varies between freeway lanes 
(Cassidy and Bertini, 1999; Daganzo, 2002a, 2002b). Thus, fundamental diagrams that 
assume traffic across freeway lanes to be equal are unable to represent the complex 
interactions of traffic between freeway lanes and they can be inaccurate in representing 
the evolution of congestion in multi-lane freeway sections. Furthermore, recent studies 
have linked lane-specific traffic behavior to important traffic phenomena such as merging 
behavior and capacity drop (Duret, 2014; Knoop et al., 2010; Cassidy and Bertini, 1999; 
Daganzo, 2002a, 2002b; Chung and Cassidy, 2004; Patire and Cassidy, 2011). 
Particularly, a focus on the study of lane flow distribution (LFD) has emerged due to their 
observed impacts in traffic behavior and its ability to describe important traffic 
phenomena (Duret et al. 2012, Samoili et al. 2013, Duret, 2014). Lane flow distribution 
refers to the proportion of total flow in each freeway lane and is a key component in 
understanding lane-specific traffic behavior. Previous studies on LFD have found that the 
proportion of flow varies significantly across lanes with respect to the total freeway flow 
even in congestion and that recurrent LFD trends are present (Amin and Banks, 2005; 
Carter et al., 1999; Lee and Park, 2010; Wu, 2006; Knoop et al., 2010; Duret et al., 2012; 
Hong and Oguchi, 2008; Hurdle et al., 1997). Furthermore, studies have shown 
significant differences in LFD trends between sites even in sites with the same number of 
lanes, suggesting that observed LFD trends are site-specific (Amin and Banks 2005, 
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Carter et al. 1999, Lee and Park 2010). In addition, other studies have used LFD to 
analyze the effects of traffic control (Duret et al., 2012; Knoop et al., 2010; Samoili et al., 
2013; Duret, 2014), while others have developed models to describe and predict LFD 
trends at particular sites (Hong et al., 2007; Wu, 2006; Lee and Park, 2010; Hurdle et al., 
1997; Samoili et al., 2013). 
These studies have significantly improved our understanding on lane-specific 
traffic behavior and our ability to effectively describe and predict LFD trends. Yet, 
several gaps in our understanding of lane-specific traffic behavior and modeling of LFD 
exist. For instance, previous studies have not systematically and extensively characterized 
the factors that drive the differences in LFD trends between sites of the same number of 
lanes. The current LFD models have been calibrated with few sites from particular 
locations using flow or density as the predictor variables. However, even when the data 
has been shown to fit well, the models lack transferability since the factors that influence 
the observed site-specific LFD trends are currently unknown. Furthermore, the proposed 
models were estimated using regression and other statistical analysis techniques that do 
not account for the sum constraint and boundary properties of proportions. Under the 
constraints arisen from computing LFD data as a percent, assumptions about the 
distribution and the covariance structure of the data change, which can make traditional 
regression techniques inadequate for modeling LFD. In addition, traditional linear 
regression analysis, even though it is simpler, does not ensure that the resulting models 
will predict LFD within the unit-sum constraint since each lane is modeled separately. In 
order to comprehensively study and understand LFD behavior, we must thoroughly 
understand the factors that drive both between and within site LFD variations. 
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Specifically, the study of between-site LFD variations is concerned with differences in 
the slopes and magnitudes of each lane’s LFD between sites with the same number of 
lanes. On the other hand, the study of within-site LFD variations refers to the site-specific 
linear trends of each lane’s LFD with respect to the total flow, i.e. the proportion of total 
flow of each lane for every flow value at a particular site as dictated by the LFD trends.  
In this dissertation, we aim to fill the gaps in our current understanding of 
merging and lane-specific traffic behavior. Specifically, the objectives of this research 
are: (i) to investigate the assumption of fixed merge ratio by conducting detailed 
empirical analysis, (ii) to evaluate current merge ratio estimation methods, (iii) to 
evaluate and compare the accuracy of the fair-share and the zipper assumptions for 
specific merge geometries, (iv) to incorporate lane-specific features of traffic in the 
modeling of merging behavior, (v) to identify recurrent combinations of LFD trends with 
respect to the total freeway flow, (vi) to identify sources of between-site variation of LFD 
trends, and (vii) to develop a statistically sound LFD modeling framework taking into 
account the properties of proportions data.  
The remainder of the document is organized as follows. Chapter 2 presents an 
overview of the literature in macroscopic merging behavior and lane flow distribution. In 
Chapter 3, empirical analysis of merging behavior is presented. In Chapter 4, methods to 
estimate merge ratios using lane flow distribution are developed and discussed. Chapter 5 
presents statistical analysis and modeling of lane flow distribution in three-lane congested 
freeways. Finally, conclusions and future research directions are summarized in Chapter 
6.    
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LITERATURE REVIEW 
In this chapter, an overview of the literature in macroscopic merging behavior and 
lane flow distribution is presented. The studies discussed in this chapter have paved the 
way for groundbreaking findings in the field and have built a strong foundation for this 
work.  
 
Macroscopic Merging Traffic Behavior  
The seminal theory of kinematic waves by Lighthill and Whitman (1955) and 
Richards (1956), also known as the LWR model, describes macroscopic traffic behavior 
based on the underlying relationships between key traffic attributes, particularly 
relationships between flow, density, and average speed. The model is able to accurately 
predict the evolution of traffic within homogenous roadway sections and it has been 
extensively tested and verified. However, because one of the model’s key assumptions is 
the conservation of flow, the model is unable to represent traffic behavior for network 
traffic, i.e., roadway sections that extend beyond merges and diverges; which is a 
noteworthy drawback of the model.   
For this reason, many studies have focused on studying and describing merging 
traffic behavior. Papageorgiou et al. (1990) was one of the first studies to incorporate a 
merging scheme into a macroscopic traffic model. They suggested an underlying linear 
relationship between congested on-ramp flow and mainline density as part of a ramp 
control algorithm. Similarly, Banks (2000) utilized an on-ramp metering model to 
evaluate the impact of managing the delay of incoming ramp flow in the mainline traffic. 
He used several merge and diverge theoretical traffic control models and evaluated them 
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using simulation. He found that controlling for the delay of the on-ramp can cause a 
conflict when simultaneously aiming to minimize the delay of the mainline; however the 
conflict was found to be minor. On the other hand, Newell’s simplified kinematic wave 
model proposed to treat merges as points where discontinuities in traffic states occur 
(Newell, 1993). His proposed scheme mathematically describes and models the queuing 
at inhomogeneous freeway sections caused by bottlenecks under this premise. 
Furthermore, Daganzo’s Cell Transmission Model is a numerical scheme of the LWR 
model where he develops a macroscopic model which includes the treatment of merges 
and diverges (Daganzo 1994, 1995). Specifically, Daganzo (1995) proposed a merge 
model where he describes the relationship between two conflicting congested traffic 
streams as linear and independent of the merge outflow. He suggested that vehicles 
compete to merge into a single traffic stream at a fixed ratio, which he called the “merge 
ratio”. For simplicity in the lack of empirical evidence, the merge ratio was assumed to 
be constant. A merge ratio can only be measured when both traffic streams are congested 
since this is the only case when vehicles must “compete” to merge. The model is also 
consistent with Papageorgiou et al. (1990) in the special case of a triangular fundamental 
diagram. The merge model is shown in Figure 2.1a for a typical merge where traffic from 
two conflicting merging streams merge into a single traffic stream as illustrated in Figure 
2.1b.  
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(a) 
 
Figure 2.1 Merge Model; a) Theoretical Framework, b) Typical Merge 
 
The model represents the relationship between both incoming congested flows, 
represented by 𝑞! for the merging flow from approach 1 in the x-axis, and 𝑞! for the 
merging flow from approach 2 in the y-axis. The model suggests that the relationship 
between inflows is linear, as represented by the merge ratio line. This means that, any 
combination of inflows at a specific merge location would fall into the merge ratio line. 
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Thus, according to the model, merge ratio is constant regardless of the total merge 
outflow, i.e., the sum of conflicting inflows. Therefore, to obtain the merge ratio of any 
given merge using the model, the ratio of any given pair of congested inflows would be 
sufficient to estimate it. This ratio is also equal to the slope of the merge ratio line, 
represented as 𝛼 in the model. This combination of inflows is also bounded by the 
capacity, 𝜇, of the merge, i.e., the sum of inflows can never exceed 𝜇, as represented by 
the capacity line in the diagram.  
Similarly, Lebacque (1996) utilized the concept of supply and demand to model 
the flow distribution through a merge under a macroscopic framework as an extension of 
the LWR model. In addition, Jin and Zhang (2003) developed an analytical merge model 
under the premise of a “fair” merging process. They thoroughly analyzed the distribution 
schemes proposed by Lebacque (1996) and Daganzo (1995) to examine their feasibility 
and applicability within the kinematic wave model framework. They analyzed both 
models in terms of the supply and demand through a merge link and compared their 
feasible solutions and physical meaning. They used the findings from this analysis to 
propose a simpler distribution scheme that aimed to describe the distribution of flow 
through a merge with a model easy to interpret and calibrate. However, even though the 
model is quite simple and elegant, the proposed distribution scheme was not empirically 
calibrated and verified. Likewise, Chevallier and Leclercq (2008) developed a 
macroscopic merge model using a flow allocation scheme that represents the merging 
process under both uncongested and congested states specifically for roundabouts.  
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In addition, Daganzo (1996) discussed a theoretical merging scheme 1 for the case 
of a single lane on-ramp. He suggested that vehicles from the on-ramp and the shoulder 
lane upstream of the merge compete to merge on a one-to-one basis while the flow of the 
other lanes is maintained; this premise is referred to as the “zipper” rule in the remainder 
of this document. Nonetheless, Westland (1998) showed that this theory may be 
inaccurate for current geometric configuration of merges and prone to underestimating 
the flow of the on-ramp. He proposed to use the “geometric factor” instead, which is the 
ratio between the number of lanes downstream of the merge and the sum of the upstream 
lanes. He used the product between the geometric factor and the bottleneck capacity per 
lane to estimate the supply flow for each incoming lane. The method was able to 
accurately predict the incoming ramp flow for three merges, however this theory assumes 
uniform lane flow distribution (LFD), thus is ineffective for variable lane capacities.  
Cassidy and Ahn (2005) were the first study to empirically test Daganzo’s 
constant merge ratio and linearity assumptions. They used data from four freeway merges 
to verify Daganzo’s merge model. They showed that a merge ratio is reproducible and 
site-specific. They also observed that the relationship between inflows is approximately 
linear and observed deviations from the linearity principle at some merges were attributed 
to the presence of unknown exogenous factors. Consequently, they argued that additional 
research efforts to further understand these factors were needed. Furthermore, they 
observed that site-specific merge ratios appeared to depend on the merge geometry. This 
finding suggested that field measurements were needed at individual merges to 
                                                
1 Motivated by informal remarks made by Caltrans engineer Moskowitz to G.F. Newell 
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approximate site-specific merge ratios, which can be cumbersome for networks 
applications.  
Papageorgiou (1990) and Ni and Leonard (2005) also recognized the need for 
estimating the merge ratio without field data collection. Specifically, Ni and Leonard 
(2005) proposed a merging scheme where merge ratios are determined in proportion to 
the capacities of the merging approaches. They conjectured that the downstream supply is 
split among the upstream approaches proportional to their “fair share” capacity ratio. 
They argue that the capacity ratio serves as a good representation of the downstream 
supply since it takes into account the number of lanes of the merging branches and per 
lane capacity. Similarly, Jin and Zhang (2003) also suggested a fair merging scheme 
when they defined the proportion of flow of each merging branch as the ratio of its traffic 
demand and the sum of the demands of both branches. They referred to their approach as 
the “fairness condition” since the proposed flow distribution scheme is proportional to the 
traffic demands of the merging approaches. 
Based on this premise, Bar-Gera and Ahn (2010) suggested approximating merge 
ratio using the ratio of lanes of each incoming approach, since the capacity of a merging 
stream is mostly dictated by its number of lanes. Thus, the capacity ratio is intuitively 
similar to the lane ratio. They conducted a macroscopic study of merge ratios using data 
from fifteen sites where they measured merge ratios empirically and compared them to 
lane ratios. They found that lane ratios provide a reasonable approximation of merge ratio 
in lack of field data. However, significant deviations from lane ratios in some sites 
suggested that additional factors influence merge ratios. They suggested considering 
lane-specific traffic behavior to refine the evaluation of merge ratio estimation methods. 
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In addition, Rouphail et al. (2015) tested four different approaches to estimate merge 
ratios on single lane on-ramp merges with no lane drops or additions downstream of the 
merge. They suggested that methods incorporating the demand of the upstream branches 
were the most accurate in estimating merge ratios for this type of merge geometry.  
 The above studies have contributed significantly in the understanding of freeway 
merging behavior and they have facilitated the development and implementation of 
current methods to estimate merge ratios without the need of additional field data 
collection. However, observed deviations from the current macroscopic merge models 
and theoretical frameworks of merging behavior have not been empirically investigated 
in detail. This study aims to further investigate merging behavior and characterize 
between and within site variations of merge ratios to better understand freeway merging 
behavior for specific merge geometries and its relationship with lane-specific traffic 
behavior.  
 
Lane Flow Distribution (LFD) 
Numerous studies on LFD have found recurrent LFD patterns with respect to the 
total freeway flow and density under both free-flow and congested states. Some describe 
non-linear LFD relationships with respect to flow and density, while others have shown 
that the assumption of linear LFD trends is sufficient. Hurdle et al. (1997) used two three-
lane locations in Toronto to study the relationship between lanes and differences in 
speed-flow relationships. They observed a linear LFD relationship with respect to flow 
with non-linear relationship in the tails. Therefore, they argued that if one is not 
interested in the extreme values, the linear relationship assumption is sufficient. 
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Similarly, Wu (2006) studied LFD using data from two, three, four, and five lane 
motorways in Germany and he observed non-linear LFD relationships with respect to the 
freeway flow for the entire range of traffic states (free-flow and congested). In addition, 
Lee and Park (2010) measured LFD for two, three, and four lane freeways under different 
traffic conditions. They used density instead of flow to represent both uncongested and 
congested conditions. They observed that the lane flow ratio (LFD weighted by the 
number of lanes) increased in the median lane with increasing density for both 
uncongested and transition to congested conditions. They also observed that the median 
lane reached capacity right before the entire link reached capacity. Under uncongested 
conditions, they observed linear patterns by density ratio. Specifically, they observed that 
the lane flow ratio of the median lane increased with respect to density, and that the lane 
flow ratio of the shoulder lane decreased. On the other hand, Knoop et al. (2010) 
observed non-linear relationships of LFD with respect to density. Moreover, Duret et al. 
(2012) analyzed a three-lane freeway under free flow conditions to observe LFD patterns. 
They found a linear increasing LFD trend with respect to flow in the median lane, and the 
opposite in the center and shoulder lanes. They suggested that the linear trends can be 
obtained analytically for any given flow if the intersections of the trends are known. 
In addition, studies have shown that significant differences in LFD trends between 
sites exist, even in sites with the same number of lanes, suggesting that observed LFD 
trends are site-specific. Carter et al. (1999) used data at twenty-seven detector stations in 
Toronto, Ontario to study observed lane to lane variations in traffic speed and volume. 
They used analysis of variance (ANOVA) to test the influence of different traffic 
parameters in LFD. Variations of lane by lane behavior were found among sites; the 
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factor that was observed to cause the greater variation was location of the site. On the 
other hand, day of the week was not found to have a significant impact on LFD. They 
concluded that lane by lane variations of traffic volume were site-specific and that the 
effects of these variations needed further investigation. Moreover, Amin and Banks 
(2005) studied LFD using data from five detector stations in San Diego, California. They 
observed that the LFD of the median lane increases with increasing volume, with the 
LFD of the other lanes decreasing with increasing volume. They also observed that LFD 
was not affected by ramp volume, and that LFD varies by time of the day. In addition, 
they observed that the median lane flows were higher than other lanes under both 
congested and un-congested high volume conditions. In addition, they observed large 
variations in lane use behavior between sites and they recognized the need of studying 
this behavior with many sites to characterize the underlying causes of the observed 
differences. Likewise, Lee and Park (2010) performed statistical tests in LFD trends and 
they showed that even though two sites may have similar geometry, significant 
differences in LFD were found due to other unknown factors. They recognized the 
limitations of using few sites in the study of LFD and they also stated that a systematic 
study of other factors that influence site-specific LFD behavior using many sites was 
needed.  
Moreover, other studies have used LFD to analyze the effects of traffic control. 
For instance, Knoop et al. (2010) studied how LFD changes with the implementation of 
variable speed limit (VSL). They also studied differences of LFD when the site has the 
influence of a nearby on-ramp in comparison with sites with no ramp influence. They 
observed significant differences of LFD due to the VSL implementation. They observed 
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higher utilization of the shoulder lane when VSL was implemented and they concluded 
that traffic control can significantly affect the merging process and therefore the merge 
ratio of a particular location. Similarly, Duret et al. (2012) analyzed the effect of traffic 
control strategies on LFD. Specifically, they studied the effect of VSL and driver ban for 
trucks (DBT). They found that both VSL and DBT changes significantly LFD, decreasing 
the underutilization of the shoulder lane. In addition, Duret (2014) developed a model to 
determine the capacity drop caused by LFD effects on multilane motorways and 
evaluated the effects of traffic control strategies, including VSL. The model was 
implemented with a proposed meso-LWR model developed for network applications. He 
found that VSL has a significant impact in LFD and that the resulting increase in the 
utilization of the shoulder lane is caused by the reduction of the speed difference between 
the shoulder lane and the remaining freeway lanes. He also observed that the capacity of 
the freeway is significantly affected by LFD behavior. In addition, Samoili et al. (2013) 
used LFD to study the effects of hard shoulder lane running implementation.  They found 
that this control strategy modifies the LFD upon hard shoulder activation increasing the 
capacity of the freeway section.  
In addition, many have developed models to describe and predict LFD trends at 
particular sites. Hong et al. (2007) studied the relationship between several traffic 
parameters and lane use for two types of vehicles: passenger cars and heavy trucks. They 
separated passenger cars and heavy trucks to model LFD using non-linear regression in 
two and three lane freeways for each vehicle type. They observed that vehicle type, lane 
type (median, center or shoulder), and rainfall have a significant impact on LFD. They 
also found that speed did not have a significant impact in LFD and they suggested that 
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the effects of truck volume and rainfall must be considered when modeling lane use 
behavior. Wu (2006) developed a probabilistic model to predict LFD for two, three, four 
and five lane motorways in Germany. Since the calibrated models were hard to estimate 
and to reduce the complexity of implementing the probabilistic model, he generated 
exponential regression models that mimic the probabilistic trend of the data. The 
regression models are exponential and have five different parameters for each number of 
lanes case. The data seemed to fit the regression model well and the proposed model was 
extended to congested traffic conditions. Additionally, Lee and Park (2010) used 
polynomial regression to the third degree with density ratio as the predictor for two and 
three lane models. They observed different patterns for transition to uncongested 
conditions, with polynomial fits. Validation data from other sites fitted the regression 
plots fairly well, however significant differences with observed and predicted values 
suggested that additional research in studying these differences was needed. They also 
observed that lane flow ratio was affected by truck ratio. In addition, Hurdle et al. (1997) 
described a negative linear relationship of LFD with respect to flow with non-linear 
relationships at the tails and modeled this relationship with a cubic equation.  Moreover, 
Samoili et al. (2013) used LOESS regression to model LFD in a freeway with hard 
shoulder running. They utilized generalized linear models to forecast future LFD on time 
steps of three, six, and nine minutes under both uncongested and congested regimes. 
They calibrated a short-term left lane LFD prediction model on a two-lane freeway with a 
third lane as a hard shoulder running. They observed that the speed of the right lane, the 
speed of the hard shoulder lane, activation of hard shoulder lane, and current LFD had a 
significant impact on forecasting the left lane LFD on a future short-term time horizon. 
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These studies have significantly improved our understanding on lane-specific 
traffic behavior. However, the current models are unable to characterize the factors that 
affect differences in lane-specific traffic behavior between sites with the same number of 
lanes. The current models are able to predict LFD for few sites since these models have 
been estimated using few sites, which risks modeling local characteristics only. 
Furthermore, the proposed models were estimated using regression and other statistical 
analysis techniques that do not account for the sum constraint and boundary properties of 
proportions. Under the constraints arisen from computing LFD data (from its definition) 
as a percentage of a whole, assumptions about the distribution and the covariance 
structure of the data change, which can make traditional regression techniques inadequate 
for modeling LFD. In addition, traditional linear regression analysis, even though it is 
simpler, does not ensure that the resulting models will predict LFD within the unit-sum 
constraint since each lane is modeled separately. In this work, we aim to fill this gap and 
seek to understand and characterize both between and within site variations of LFD. 
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EMPIRICAL ANALYSIS OF FREEWAY MERGE RATIOS 
Study Sites and Data 
Data from the California Performance Measurement System (PeMS) were used to 
conduct this study. The PeMS database provides historical traffic data for most freeways 
and roads in the urban areas of California with more than 10,000 loop detector stations. 
The data consist of vehicle count and occupancy (a dimensionless measure of density) 
aggregated in 5-minute and 30-second intervals. Study sites were selected based on the 
following criteria necessary to compute merge ratios: (i) recurrent congestion is present at 
both upstream approaches and downstream of the merge (i.e. fully congested merges), (ii) 
either merging approach is not metered, and (iii) upstream measurement detector stations 
are located sufficiently close to the merge (within 0.25 miles). For (ii), we mostly 
considered freeway-to-freeway merges. 
Two types of merges were used for this study in terms of merge geometry, which 
we will refer to as type 1 and type 2 merges. In type 1 merges (Fig. 3.1a), the sum of the 
number of lanes of both upstream approaches is equal to the number of lanes downstream 
of the merge (i.e., no lane drop). In type 2 merges (Fig. 3.1b), the sum of the lanes of the 
upstream approaches is greater than the number of lanes downstream of the merge, i.e., a 
lane drop occurs between the upstream and downstream measurement locations. Thus, 
vehicles in the competing lanes must take turns to merge and proceed to the lane 
downstream (referred to as the “interaction” lane hereafter). A total of 12 merges were 
selected (including three sites from Cassidy and Ahn (2005)); see Table 3.1. Refer to 
Appendix A for a schematic of each site. 
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(a) 
 
(b) 
Figure 3.1 Site Schematics; a) Type 1 Merge, b) Type 2 Merge 
 
 
 
 
 
 
 
 
 21 
Table 3.1  
Summary of Merge Study Sites 
No. Merge location Type Lanes a 
1 SR91W - I5N 1 5/3/2 
2 I5S - I710S 1 4/3/1 
3 I5S - I405S 1 6/3/3 
4 US101N - SR134W 1 5/3/2 
5 I10E - I405S 1 4/3/1 
6 SR57N - SR91W 1 4/3/1 
7 I80E - I5N 1 4/2/2 
8 Gardiner Expy - Spadina 1 4/3/1 
9 I405N - SR22W 2 6/4/3 
10 I805S - SR163S 2 5/4/2 
11 SR24 - SR 13 2 2/2/1 
12 I80E - Powell  2 5/5/1 
 
Data Processing Method 
The data processing method by Bar-Gera and Ahn (2010) was adopted in this 
research. In summary, for each merge site, two years of 5-minute data (2009-2010) were 
obtained to identify periods of recurrent congestion. We used an automatic script to 
download all existing data for each station for the chosen two year period. We first 
identify fully congested events using speed time-series at three measurement locations. 
To classify an event as fully congested, all upstream and downstream measurement 
locations should present congested speeds (Fig. 3.2). Speed thresholds to classify free-
flow vs. congested states were determined by examining speed-flow relationships (see 
Fig. 3.3 for an example) for each measurement location. The relationships typically 
exhibit a fairly clear separation between a free-flow regime (the upper branch in Fig. 3.3) 
and congested regime (the bottom branch).  
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Figure 3.2 Measurement Locations Speed Time Series 
 
Figure 3.3 Speed-Flow Relationship Example 
 
The thresholds used in this study range from 30 mph to 50 mph. Rather low 
threshold values are used in some measurement locations to define congestion to exclude 
data points from transitions. We analyzed only events that had reasonable durations of 
more than 30 minutes and less than six hours to exclude any events possibly due to sensor 
failures or severe incidents. Then average inflows from the upstream approaches were 
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measured during each congested event (individual data points in Fig. 3.4). The average 
ratio of these inflows over all congestion events was taken as the average merge ratio; see 
Fig. 3.4 for an example.   
 
Figure 3.4 Relationship between Inflows of all Congested Events from Upstream 
Approaches of Merge 5 
 
A sample of 6 to 10 fully congested events was selected for each site for a more 
detailed analysis. On these days, congestion events occurred during the same peak period, 
and the days were screened for incidents and unusual weather events, ensuring recurrent 
congestion. For each selected congested event, 30-second data were used to identify 
periods of stationary/steady flow. Motivated by Cassidy (1998), these periods were 
identified to (i) uncover variations of merge ratio otherwise not captured in the 5-minute 
data and (ii) reduce the scatter in empirical merge ratios and LFD. To do this in a 
systematic manner, we adopted the spectral analysis method based on wavelet transform 
(WT) in Zheng et al. (2011). Note that this WT-based method is systematic, efficient and 
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reproducible, albeit more complex than the non-parametric method of Cassidy (1998), 
and thus, was suitable for handling the large amount of data analyzed in this study.  
Specifically, we used continuous wavelet transform (CWT) on oblique cumulative 
vehicle counts, defined as 𝑁 𝑡 − 𝑞!𝑡, where 𝑁 𝑡   are the cumulative counts and the 
second term represents the background reduction with a constant rate of 𝑞!. Details aside, 
CWT represents  𝑁 𝑡 − 𝑞!𝑡  in the time-frequency plane by convoluting 𝑁 𝑡 − 𝑞!𝑡  with 
a transform function, 𝜑 !!!! : 𝜑!  ! 𝑠, 𝜏 = !!   (𝑁 𝑡 − 𝑞!𝑡)𝜑 !!!! 𝑑𝑡                                                                    (3.1) 
where 𝜑!  ! 𝑠, 𝜏  is the wavelet coefficient; 𝜏 is the time-translation parameter that 
determines the location of the wavelet function in time, 𝑡; and 𝑠 is the scale parameter 
that determines the width of the wavelet function. We used the Mexican Hat wavelet for 𝜑(∙) as recommended by Zheng et al. (2011). Essentially, 𝜑!  ! 𝑠, 𝜏  represents the rate of 
change in 𝑁 𝑡 − 𝑞!𝑡, generating peaks and dips when there are significant changes 
to  𝑁 𝑡 − 𝑞!𝑡. To represent different frequency components of 𝑁 𝑡 − 𝑞!𝑡, we obtained 𝜑!  ! 𝑠, 𝜏  for 𝑠 ∈ [1,10] and took the absolute averages of the wavelet coefficients 
(referred to as wavelet energy). Thus, absolute average wavelet coefficients generate 
peaks whenever the flow changes significantly. Fig. 3.5 illustrates how peaks in wavelet 
energy approximately correspond to “break points” in 𝑁 𝑡 − 𝑞!𝑡.   Then, the period 
between two significant peaks was taken as a steady-state period.  
For each congested event, steady-state periods were identified using 𝑁 𝑡 − 𝑞!𝑡 
for the upstream mainline approach (approach 1). These periods were assumed to be of 
the same duration on both upstream and downstream approaches. Note that we accounted 
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for the latency time between upstream and downstream locations by assuming a 
backward moving congestion wave speed of 12 mph. Fig. 3.6 illustrates an example of 
merge ratio estimation based on the inflows (from the upstream approaches) measured 
during steady-state periods.  Each data point in the figure represents the inflows for a 
single steady-state period. Using the steady-state periods identified, we also measured 
LFD, defined as the proportion of total flow in each lane. 
 
Figure 3.5 Steady-State Periods Identification using Wavelet Transform on Oblique 
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Figure 3.6 Relationship between Inflows from Upstream Approaches of Selected Steady-
State Periods (30-Second Data) of Merge 5 
 
 
Evaluation of Merge Ratios Using Number of Lanes 
In this section, we discuss the existing merge ratio estimation method using the 
number of lanes based on the two well-known merging principles, the fair-share principle 
and the zipper rule. 
The simplest way to estimate merge ratio is to use the number of lanes upstream 
of a merge. For the fair-share principle, the merge ratio is equal to the capacity ratio of 
the merging approaches. Assuming that (available) capacities are equal across lanes, the 
merge ratio, 𝛼!"#$!!"#, can be approximated with the lane ratio: 𝛼!"#$!"#$   =   𝐿! 𝐿!                                                                                                        (3.2) 
where 𝐿! is the number of lanes on the mainline merging approach (approach 1) and 𝐿! 
the number of lanes on the minor merging approach (approach 2). Notice that for type 2 
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merges, this estimate essentially assumes that the flow from the competing lane in 
approach 2 gets evenly distributed across the lanes downstream. 
For the zipper rule, in which vehicles from the merging lanes (e.g., on-ramp and 
the freeway shoulder lane) take turns on a one-to-one basis, the merge ratio, 𝛼!"##$%!"#$, 
can be approximated by:    𝛼!"##$%!"#$   =   1 (2𝐿! − 1)                                                                                         (3.3) 
to represent vehicles from the on-ramp and the merging shoulder lane alternating at a 
single-lane on-ramp merge (approach 2) (Daganzo, 1996). We expand this for the general 
case of any number of lanes on approach 2:  𝛼!"##$%!"#$   =    (𝐿! − 0.5) (𝐿! − 0.5)                                                                          (3.4)                                                                                     
Equation (3.4) is obtained assuming that (i) available capacities are equal; (ii) half of the 
flow of the interaction lane comes from the competing lane on approach 1 and the other 
half from the lane on approach 2; and (iii) the flows in the non-competing lanes remain 
constant. 
For type 1 merges, where there is no lane drop, the fair-share assumption is fairly 
intuitive. The zipper rule, however, does not reasonably represent the merging dynamics 
since vehicles do not need to take turns to merge. However, we compute merge ratios 
based on the zipper rule for type 1 merges for the sake of completeness, although we 
expect the fair-share to perform better. On the other hand, determining the suitable 
merging principle for type 2 merges is not as obvious, and thus we consider both 
principles.  
Table 3.2 presents the performance of fair-share and zipper lane ratios as 
estimates of merge ratios. The observed merge ratios listed in Table 3.2 represent the 
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average merge ratio measured during steady-state periods for each site. We can observe 
that the measured average merge ratios for 10 out of 12 sites are significantly different 
from either fair-share and zipper lane ratios since they fall outside the 95% confidence 
interval. For better illustration of the limitations of lane ratios as merge ratio estimates, 
consider the case of merge 1 and merge 4 in Table 3.2. Both sites have the same lane 
counts on both upstream approaches and downstream of the merge (5/3/2). In this case, 
the estimate of merge ratio using lane ratio is equal to 0.67 for both sites. However, their 
actual measured average merge ratios are considerably different from (a) the lane ratio 
and (b) each other, with measured average merge ratios of 0.75 and 0.62 respectively.  
Table 3.2  
Comparison of Measured Average Merge Ratios and Lane Ratios 
No. Merge location Merge ratio 95 % confidence interval 𝛼!"#$!"#$ 𝛼!"##$%!"#$ 
1 SR91W - I5N 0.75 [0.73, 0.77] 0.67 0.60 
2 I5S - I710S 0.34 [0.34, 0.35] 0.33 0.20 
3 I5S - I405S 1.02 [0.98, 1.05] 1.00 1.00 
4 US101N - SR134W 0.62 [0.61, 0.64] 0.67 0.60 
5 I10E - I405S 0.35 [0.34, 0.36] 0.33 0.20 
6 SR57N - SR91W 0.36 [0.35, 0.37] 0.33 0.20 
7 I80E - I5N 1.08 [1.04, 1.12] 1.00 1.00 
8 Gardiner Expy - Spadina 0.37 [0.35, 0.40] 0.33 0.20 
9 I405N - SR22W 0.68 [0.67, 0.69] 0.75 0.71 
10 I805S - SR163S 0.42 [0.40, 0.44] 0.50 0.43 
11 SR24 - SR 13 0.41 [0.39, 0.43] 0.50 0.33 
12 I80E - Powell 0.18 [0.16, 0.19] 0.20 0.11 
 
Analysis of Lane Specific Traffic Behavior around Freeway Merges 
Evidently, the difference in merge ratio is attributable to the site-specific 
distribution of flow across lanes, as evidenced by Fig. 3.7. The figure shows the LFD of 
approach 1 measured during steady-state periods in relationship with the merge outflow 
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(total flow) at merge 1 (Fig. 3.7a) and merge 4 (Fig. 3.7b). In Fig. 3.7, lane 1 represents 
the median lane and the sequence continues toward the shoulder lane; this lane number 
convention will remain throughout this document. Clearly, the average LFD of each lane 
is different between the two sites. Moreover, the LFD trends are very different from each 
other despite having the same number of lanes. At merge 1, the LFD of the median lane 
slightly increases with respect to flow, while in merge 4 the lane next to the median lane 
(lane 2) shows a clear increasing trend while the LFD of the other lanes decrease. This 
finding suggests that lane-specific features of traffic near merges may have an influence 
in the merging behavior and the site-specific merge ratio value. 
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(b) 
Figure 3.7 LFD versus Total Merge Outflow; a) Merge 1, b) Merge 4 
 
Evaluation of Site Specific Merging Behavior  
Using number of lanes for merge ratio estimation inherently assumes that merge 
ratios are (approximately) fixed independent of the merge outflow. This assumption was 
shown to be reasonable in some previous studies, as cited earlier. However, our detailed 
data analysis suggests that this assumption is not always reasonable for some freeway 
merges. For instance, Fig. 3.8a and 3.8b show the relationship between steady-state 
merge ratios and merge outflow for merge 2 and merge 7, respectively. We can observe 
that the merge ratio varies with respect to the merge outflow, even after filtering out 
incidents and unusual weather events. The trend was found to be statistically significant, 
suggesting that the observed variations can have a significant impact on the prediction of 
congestion propagation with respect to the traffic conditions of the merge. Evidently, lane 
ratio is unable to capture this trend since it provides a single estimate of merge ratio.  
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(a) 
 
(b) 
Figure 3.8 Merge Ratio versus Merge Outflow; a) Merge 2, b) Merge 7  
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MERGE RATIOS BASED ON LANE FLOW DISTRIBUTION 
Formulation of Merge Ratios using Lane Flow Distribution (LFD) 
In light of the above finding, we express the merge ratio using LFD to capture 
between and within-site merge ratio differences, with the premise that downstream LFD 
represents the lane-wise fractions of available capacities for upstream lanes. Then, the 
fair-share LFD merge ratio estimate is given by 𝛼!"#$!"# =      !!!!!!!! 𝑝!!      𝑝!!!!!!!                                                                              (4.1) 
where 𝑝!! is the proportion of the total merge outflow in downstream lane 𝑖, 𝐿! is the 
number of lanes downstream of the merge, and other variables were defined previously. 
Note that the lanes are numbered incrementally from the farthest lane from the merge; see 
Fig 4.1 for better illustration. 
 
(a) 
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(b) 
Figure 4.1 LFD Merge Ratio Estimate Schematics; a) Type 1 Merge, b) Type 2 Merge 
 
For type 1 merges, the fair-share merge ratio using LFD can be easily represented 
under the assumption that the LFD of each lane upstream is equal to the downstream 
LFD of the same lane. For type 2 merges, the LFD of the interaction lane is used twice 
(for a single lane drop) to estimate the available capacities/LFDs of the competing lanes 
upstream. Inherently, we assume that the characteristics of the upstream competing lanes 
are the same as the downstream interaction lane, which may not be true depending on the 
geometry. However, in the lack of systematic empirical observation, this assumption was 
made for simplicity and should be improved in the future. Then, the zipper LFD merge 
ratio is expressed as: 𝛼!"##$%!"# =    𝑝!!!!!!!!!! +   !!   𝑝!"#! 𝑝!! +   !!!!!!!!! 𝑝!"#!                              (4.2)  
where 𝑝!"#! represents the proportion of the total merge outflow in the interaction lane. 
According to the zipper merging scheme, the flow of this lane is evenly split between the 
two competing lanes. Note that equations (4.1) and (4.2) apply to type 2 merges with a 
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single lane drop, which is more common than reductions of two or more lanes 
simultaneously.  
 
Evaluation of LFD-Based Merge Ratios and Theoretical Principles of Merging 
Behavior 
The above formulations were tested using linear LFD trends (estimated using 
simple linear regression) to reduce data scatter and observe better trends of merge ratio 
with respect to flow. For sites 4-7, downstream LFD was estimated using upstream data 
due to the lack of data. Table 4.1 shows the root-mean-squared-error (RMSE) of LFD-
based merge ratios compared to lane ratios as a measurement of performance. As 
expected, for type 1 merges, where there is no direct competition to merge, merge ratios 
estimates based on the fair-share assumption provide the smallest errors compared to 
merge ratios based on the zipper rule. In addition, we can observe that the LFD-based 
merge ratios are able to provide reasonable merge ratio estimates while capturing the site-
specific merge ratio trend, which will be further demonstrated and discussed in the next 
section.  
However, for type 2 merges, no estimation method or merging scheme was found 
to consistently provide better merge ratio estimates. From empirical observations, we 
infer that the problem lies in the fundamental assumptions of the two merging principles. 
For the fair-share principle, taking the capacity ratio essentially assumes that the merging 
flow from the competing lane of approach 2 is evenly distributed across other lanes 
downstream. In contrast, it is assumed in the zipper principle that the merging flow ends 
up only in the interaction lane downstream with no further distribution to other lanes. 
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Intuitively, we expect the merging flow to be distributed across downstream lanes in a 
more complex non-uniform fashion. 
Table 4.1  
Root-Mean-Squared-Errors of Predicted Merge Ratios 
No. Merge location Type 𝛼!"#$!"#$ 𝛼!"#$!"# 𝛼!"##$%!"#$ 𝛼!"##$%!"# 
1 SR91W - I5N 1 0.106 0.072 0.164 0.101 
2 I5S - I710S 1 0.026  0.027 0.144 0.124 
3 I5S - I405S 1 0.111 0.117 0.118 0.125 
4 US101N - SR134W 1 0.064 0.046 0.053 0.084 
5 I10E - I405S 1 0.040 0.033 0.156 0.138 
6 SR57N - SR91W 1 0.034 0.024 0.160 0.120 
7 I80E - I5N 1 0.158 0.084 0.158 0.092 
8 Gardiner Expy -Spadina 1 0.044 0.055 0.173 0.174 
9 I405N - SR22W 2 0.092 0.080 0.069 0.061 
10 I805S - SR163S 2 0.092 0.051 0.037 0.045 
11 SR24 - SR 13 2 0.096 0.098 0.080 0.076 
12 I80E - Powell 2 0.027 0.072 0.066 0.037 
 
Empirical Analysis of LFD in Merges with a Downstream Lane Drop  
In light of the above finding, we propose a merging principle for type 2 merges 
that aims to better capture non-uniform merging flow distribution. The proposed model 
incorporates an allocation scheme to represent systematic redistribution of flow after 
merging. As described in the previous section, we assume that the fraction of inflow in 
each lane (i.e., upstream LFD) can be estimated by downstream LFD. To capture non-
uniform merging flow distribution present at type 2 merges, we incorporate two 
additional parameters (𝜋! and 𝑓!) . The parameters describe the redistribution of merging 
flow among the downstream lanes and the lane changes instigated by the lane drop. 
Specifically, 𝜋! represents the fraction of merging flow that leaves the interaction lane, 
and 𝑓! represents the fraction of total merging flow that comes from the leftmost 
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competing lane (𝑝!!!). These parameters were inspired by observed patterns between 
downstream and upstream LFDs. Particularly, the competing lanes were observed to have 
similar linear LFD trends, but with different magnitudes (see Fig. 4.2a), motivating the 
incorporation of 𝑓! (rather than assuming half). Likewise, the LFD of the interaction lane 
(𝑝!"#!) and the combined LFD of the competing lanes (𝑝!"#!) were observed to have 
similar linear LFD trends, but with higher magnitude in the LFD of the sum (see Fig. 
4.2b), indicating that the zipper rule does not reflect the actual redistribution of merging 
flow and motivating the incorporation of 𝜋!. 
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(b) 
Figure 4.2 Relationship between LFDs of Key Lanes of Merge 10; a) Two Competing 
Lanes, b) Interaction Lane vs. Competing Lanes 
 
Formulation of Empirical LFD-Based Merging Principle for Type 2 Merges 
Thus, we defined the proportion of total merging flow (in both competing lanes, 
see Fig 4.3. for lane reference) that leaves the interaction lane as: 𝜋! can be expressed as: 𝜋!   =    (𝑞!"#! − 𝑞!"#!) 𝑞!"#! =      (𝑝!"#  ! −   𝑝!"#!) 𝑝!"#!                                      (4.3) 
where 𝑞!"#! represents the total flow of the upstream competing lanes, 𝑞!"#! the flow of 
the downstream interaction lane, and 𝑝!"#! the LFD of the competing lanes.  
Solving for 𝑝!"#!, we obtain: 𝑝!"#!   =   𝑝!"#! 1− 𝜋!                                                                                              (4.4) 
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Then, the LFD of each competing lane is obtained by: 𝑝!!!   =   𝑓!  𝑝!"#!                                                                                                           (4.5) 𝑝!!!   =    (1− 𝑓!)  𝑝!"#!                                                                                                 (4.6)                                                                                                                    
Since the fraction of leaving flow that ends up in the remaining lanes of approach 2 was 
observed to be very small, the LFD of those remaining lanes can be approximated by 
downstream LFD as:  𝑝!!!   =   𝑝!!!                                                                                                                  (4.7) 
where 𝑝!!! represents the LFD of the remaining downstream lanes from approach 2 (see 
Fig. 4.3). Note that for merges with single lane on-ramps, 𝑝!!  ! is equal to zero. The LFD 
of the remaining lanes in approach 1 is: 𝑝!!!   =   1−   𝑝!"#! − 𝑝!!  !                                                                                           (4.8) 
Then, the merge ratio is calculated as the ratio of estimated upstream LFD of each 
merging approach: 𝛼!"#!"#   = 𝑝!!! +   𝑝!!!   𝑝!!! + 𝑝!!!                                                                   (4.9) 
 
 
Figure 4.3 New Merging Scheme Formulation Schematic 
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𝜋! and 𝑓! were estimated using the data from sites 9-12. Note that a single set of 
parameters were estimated across the sites for simplicity in the lack of sufficient number 
of sites to characterize different factors that affect the parameters. The optimal parameter 
estimates that minimize RMSE were found to be 0.3, and 0.6 for 𝜋! and 𝑓! respectively. 
However, more studies are needed in the future to better characterize these parameters 
with samples from many sites. 
To gain further insight, Fig. 4.4 illustrates how the merging flow from approach 2 
is distributed across the downstream lanes with the proposed scheme compared to the 
fair-share and zipper principles for different merge geometries. Note that we represent 
this distribution on the y-axis as fractions of the flow of the competing lane in approach 2 
for the sake of simplicity. As we can see, the fair-share and the zipper principles 
represent very simplified ways of redistribution of flow across downstream lanes: even 
distribution for the fair-share and no distribution beyond the interaction lane for the 
zipper. The proposed scheme, on the other hand, captures more complicated non-uniform 
merging flow distribution. 
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(b) 
Figure 4.4 Increase in Flow per Lane; a) 3/3/1 Merge, b) 3/2/2 Merge 
 
In the example shown in Fig. 4.4a, we estimate the distribution of flow of a single 
lane approach 2 (e.g., an on-ramp) merging into a three-lane freeway. The result can be 
generalized into other multi-lane freeway merges as long as approach 2 has a single lane. 
The distribution of the merging flow (from approach 2) in the interaction lane, 𝜑!"#!, can 
be expressed as: 𝜑!"#! = 𝑞!"#! − 𝑞!!! 𝑞!!!                                                                                      (4.10)  
Recall that 𝑞!!! and 𝑞!!! are related by 𝑓! as: 𝑞!!! = 𝑞!!!  𝑓! 1− 𝑓!                                                                                               (4.11) 
Recall also that the flow of the interaction lane, 𝑞!"#!, is equal to the sum of the flows of 
the competing lanes multiplied by the fraction of flow that stays in the interaction lane: 𝑞!"#! = 𝑞!!! 1−   𝜋! 1− 𝑓!                                                                                     (4.12) 
Substituting the above expressions into equation (4.10) and rearranging terms, we obtain: 𝜑!"#! = 1− 𝜋! 1− 𝑓!                                                                                              (4.13) 
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Substituting the parameter estimates (𝜋! = 0.3 and 𝑓! = 0.6) into equation (17), we 
obtain 𝜑!"#! = 0.25. The other 75% (of 𝑞!!!) is distributed to the other remaining lanes. 
For an illustration purpose, we assume equal distribution between the remaining (median 
and center) lanes; however, only the combined proportion, (1− 𝜑!"#!), is needed for 
computing the merge ratio. We can observe from Fig. 4.4a that with the proposed 
scheme, the increase in flow in the interaction lane is (i) disproportionally lower than 
other lanes and (ii) lower than the predictions by the fair-share and zipper principles. This 
is reflected in relatively high 𝜋!, which suggests that nearly a third of the merging flows 
in both competing lanes (𝑞!!! + 𝑞!!!) end up in the median or center lanes.   
The example in Fig. 4.4b illustrates the case of a two-lane approach (approach 2) 
merging into a two-lane freeway that becomes a three-lane freeway downstream. For this 
case, 𝜑!"#! determined in the same way as in equation (4.13), and the distribution of flow 
in the remaining lane in approach 1 (median lane in this case), 𝜑!!!, is simply:  𝜑!!! = 1− 𝜑!"#! = 𝜋! 1− 𝑓!                                                                                (4.14) 
Note that as previously stated, the distribution of flow in the remaining lane downstream 
of approach 2 (shoulder lane) is negligible and thus can be assumed to be equal to zero. 
 
Evaluation of Merge Ratios using LFD-Based Methods 
The proposed methods were used to estimate merge ratios using LFD, and the 
calibration results were evaluated based on three criteria: (i) observations versus 
predictions for systematic bias, (ii) reproducibility of the merge ratio trends with respect 
to merge outflow if any, and (iii) RMSE for overall model performance. An example 
result for type 1 merges is presented in Fig. 4.5. Recall that merge ratios for type 1 
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merges are predicted based on LFD assuming the fair-share principle, as formulated in 
equation (4.1). Fig. 4.5a shows the observed vs. predicted merge ratios for merge 1. We 
can observe that the relationship follows closely the 45-degree line with no apparent bias. 
We can also observe that the lane ratio falls below most of the observed merge ratios, 
suggesting a systematic underestimation of merge ratio. It is also notable that the 
measured merge ratios vary to some extent, which is not captured by the lane ratio. Fig. 
4.5b further illustrates this variation with respect to the total merge outflow. It is clear 
that the measured merge ratios follow a decreasing trend with respect to the outflow, 
which was found to be statistically significant. Evidently, predicted merge ratios based on 
LFD are able to represent this trend much better than the lane ratio. Similar results were 
observed for other type 1 merge sites. 
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(b) 
Figure 4.5 Merge 1 Result; a) Predicted versus Observed Merge Ratio, b) Merge Ratio 
versus Merge Outflow 
 
An example evaluation result for type 2 merges is presented in Fig. 4.6 (see 
Appendix B for results of the remaining sites). For type 2 merges, merge ratios are 
predicted based on LFD and the proposed merging flow distribution scheme, as 
formulated in equation (4.9). The observed vs. predicted merge ratios for merge 11 (see 
Fig. 4.6a) follow closely the 45-degree line, in sharp contrast to both lane ratio estimates. 
We can also observe that the actual merge ratios fall in between the fair-share principle 
and the zipper rule for this site. In addition, we can observe a clear increasing trend of 
measured merge ratios with respect to the merge outflow, which is captured well by the 
proposed model but not by the lane ratio. Similar results were observed for other type 2 
merge sites.  
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(a) 
 
(b) 
Figure 4.6 Merge 11 Result; a) Predicted versus Observed Merge Ratio, b) Merge Ratio 
versus Merge Outflow 
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Table 4.2 presents RMSE obtained to assess the overall performance of estimation 
methods and merging principles. Note that the result for type 1 is the same as what is 
presented in Table 4.1. We can observe that, for type 1 merges, both lane ratios and LFD-
based merge ratios perform very well under the fair-share assumption. Yet, as previously 
mentioned, the LFD-based merge ratios have the ability to predict and reproduce a merge 
ratio trend if present. 
Table 4.2  
RMSE of Predicted Merge Ratios with the new Merging Flow Distribution Scheme 
No. Merge location Type 𝛼!"#$!"#$ 𝛼!"#$!"# 𝛼!"##$%!"#$ 𝛼!"##$%!"# 𝛼!"#!"# 
1 SR91W - I5N 1 0.106 0.072    
2 I5S - I710S 1 0.026  0.027    
3 I5S - I405S 1 0.111 0.117    
4 US101N - SR134W 1 0.064 0.046    
5 I10E - I405S 1 0.040 0.033    
6 SR57N - SR91W 1 0.034 0.024    
7 I80E - I5N 1 0.158 0.084    
8 Gardiner Expy -Spadina 1 0.044 0.055    
9 I405N - SR22W 2 0.092 0.080 0.069 0.061 0.057 
10 I805S - SR163S 2 0.092 0.051 0.037 0.045 0.032 
11 SR24 - SR 13 2 0.096 0.098 0.080 0.076 0.021  
12 I80E - Powell 2 0.027 0.072 0.066 0.037 0.016 
 
Thus, if predicting a possible within-site variation of merge ratio with respect to 
the total merge outflow is needed for particular estimation purposes, an LFD-based 
merge ratio under the fair-share principle should be used for type 1 merges. However, if 
prediction of a merge ratio trend is not needed, then a fair-share lane ratio would suffice 
to provide a reasonable average approximation of merge ratio for this type of geometry. 
On the other hand, the result for type 2 merges shows that merge ratio estimates based on 
the proposed LFD-based merging scheme provide the lowest estimate errors for all of the 
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sites. These results demonstrate that the proposed model is able to capture better complex 
non-uniform distribution of merging flow not described by previous merging principles. 
Our findings also demonstrate that LFD-based merge ratio estimates are able to improve 
merge ratio estimates due to their ability to capture between-site merge ratio trends. In 
this research we show that the proposed LFD-based model is able to (i) better represent 
disproportionate distribution of merging flow among the downstream lanes instigated by 
the lane drop using few additional input parameters, (ii) improve overall merge ratio 
estimates, and (iii) predict a merge ratio trend with respect to the total merge outflow.  
Note that the distance of the downstream detector station and the presence of other 
factors such as off-ramps and acceleration lanes immediately downstream of the merge 
may have an impact on LFD and thus the ability of the LFD-based merge ratio to 
improve estimates. For instance, merge 3 has an off-ramp immediately downstream of the 
merge; thus, it is not too surprising that the LFD-based merge ratio provides the second 
best estimate in this case. Similarly, in merge 8 the shoulder lane is also an acceleration 
lane that could instigate higher number of lane changes toward the freeway median lane, 
which can also affect LFD. Future studies are necessary to investigate these factors more 
thoroughly. Nevertheless, regardless of the effects of exogenous factors affecting 
downstream LFD, the LFD-based merge ratio is able to provide a good estimate while 
predicting a merge ratio trend, contrary to the lane ratio estimate. 
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STATISTICAL MODELING OF LANE FLOW DISTRIBUTION 
Site Selection and Data Preprocessing 
Data from the California Performance Measurement System (PeMS) was used to 
conduct this study. The PeMS database provides historical traffic data for most freeways 
and roads in the urban areas of California. Some of the data provided by PeMS include 
vehicle count data, occupancy, and speed aggregated in 5-minute intervals. Study sites 
were selected in the metropolitan areas of Sacramento, San Francisco, Los Angeles, and 
San Diego based on the following criteria: (i) sites were three-lane freeway sections, (ii) 
recurrent congestion was present, and (iii) sufficient observations (> 67%) were available 
for the sampling periods.  
In order to identify study sites, a manual search of the PeMS database was 
conducted. The procedure of the manual search consisted in: (i) obtaining a list of all 
three-lane mainline loop detector stations for each district of interest, (ii) screening each 
three-lane detector station for potential of sufficient congestion using average speed-time 
series plots on the PeMS data interface, and (iii) screening detector stations for data 
availability by obtaining percent observed data for each station. A site was recorded as a 
preliminary study site if (i) through (iii) were satisfied.  An automatic script was used to 
download 5-minute flow, occupancy, and speed data per lane for a period of one year. To 
decrease computational time and systematically choose study sites, the data download 
procedure was done in increments of 10 sites at a time until a reasonable sample size was 
obtained.  
The sample year used was 2012 for most of the locations. When data was 
unavailable for the sample year, additional years ranging from 2009 to 2014 were used 
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depending on data availability and presence of congestion. For each site, the speed-flow 
relationship was computed to identify congestion onset and determine site-specific speed 
congestion thresholds according to the method used in Bar-Gera and Ahn (2010) and 
Reina and Ahn (2015). The speed congestion thresholds used range from 30 to 50 mph. 
The site-specific speed congestion thresholds were used to identify congestion events that 
lasted at least 30 minutes. Then per lane proportion of flow with respect to the total flow 
was computed for each interval of 5 minutes during the identified congestion periods; see 
Fig 5.1 for an example of LFD versus total flow.  
Study sites were further filtered based on LFD trends. Specifically, sites that 
exhibited very scattered LFD trends were eliminated from the study due to suspicion of 
the presence of incidents, weather, construction or other unusual events. Likewise, sites 
that exhibited LFD trends that were too smooth were also eliminated from the study due 
to suspicion of data imputation. In the end, a total of 70 sites were selected for this study 
for model estimation. 
 
 Site-Specific Traffic Characteristics and Geometric Features Data Collection 
To identify sources of variation that affect between site differences in LFD trends, 
additional site-specific traffic characteristics and geometric freeway features were 
obtained. These additional attributes correspond to variables that are fixed within a site 
and only vary between sites.  
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(a) 
 
           (b) 
Figure 5.1. LFD versus Total Flow Examples; a) Interstate 405 Southbound by Interstate 
710, b) Interstate 5 Northbound by Rosecrans Avenue 
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Specifically, the following freeway and traffic attributes were collected for each 
site: distance to upstream and downstream bottleneck, queue length, congestion duration, 
number of days per year that the bottleneck was active, average delay, presence of nearby 
freeway interchange (within 0.5 miles), presence of nearby upstream and downstream on-
ramps and off-ramps (within 0.5 miles), presence of horizontal curve, presence of HOV 
lane, congestion indicator (defined as the number of congestion events per month), 
presence of downstream lane drop, and truck percentage, see Table 5.1.   
For every site, each attribute value was collected manually. Several sources were 
used to collect this data. The PeMS database and its web data interface were used to 
collect all of the traffic related attributes, except congestion indicator, which was 
collected during the data preprocessing. The PeMS database was also used to collect 
some of the geometric site characteristics. In addition, Google Maps was used to confirm 
the geometric freeway attributes including location of on-ramps and off-ramps, presence 
of HOV lanes, presence of horizontal curves, lane additions and lane drops. Furthermore, 
truck percentage data was obtained from the California Department of Transportation 
traffic counts database. The truck percentage data is provided for some detector stations, 
so the nearest detector station from each site was used to estimate truck percentage for 
each study site. Each attribute value was collected as either a numerical or categorical 
variable according to the type of attribute measured. The variables that were collected as 
numerical variables are distance to downstream and upstream bottleneck, queue length, 
average delay, congestion duration, number of days that the bottleneck was active, 
difference in number of lanes from upstream and downstream locations, congestion 
indicator, truck percentage.  
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Table 5.1 
Summary of Traffic and Geometric Freeway Variables 
Variable Source Type 
Distance to downstream 
bottleneck  
PeMS Numerical 
Queue length (downstream) PeMS Numerical 
Congestion duration 
(downstream) 
PeMS Numerical 
Number of days bottleneck 
was active (downstream) 
PeMS Numerical 
Average delay 
(downstream) 
PeMS Numerical 
Distance of upstream 
bottleneck (upstream) 
PeMS Numerical 
Queue length (upstream) PeMS Numerical 
Congestion duration 
(upstream) 
PeMS Numerical 
Number of days bottleneck 
was active (upstream) 
PeMS Numerical 
Average delay (upstream) PeMS Numerical 
Presence of freeway 
interchange 
PeMS, Google Maps Binary 
Presence of downstream on-
ramp 
PeMS, Google Maps Binary 
Presence of downstream 
off-ramp 
PeMS, Google Maps Binary 
Presence of upstream on-
ramp 
PeMS, Google Maps Binary 
Presence of upstream off-
ramp 
PeMS, Google Maps Binary 
Presence of horizontal lane PeMS, Google Maps Binary 
Presence of HOV lane PeMS, Google Maps Binary 
Congestion indicator Data preprocessing Numerical 
Presence of downstream 
lane drop 
PeMS, Google Maps Binary 
Truck percentage Caltrans Numerical 
 
LFD Trends Classification System 
We first categorized different classes of LFD trends based on the slopes of the 
linear LFD trends (negative vs. positive) with respect to flow and magnitudes of each 
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lane’s LFD (high vs. low). The general LFD trends for different classes are shown in Fig. 
5.2. The classification system was divided in two levels. At the first level, sites were 
categorized into “varying-LFD” vs. “non-varying-LFD” sites, where the former type 
exhibited evident non-zero slopes of LFDs (Fig. 5.2a-5.2d) and the latter exhibited 
essentially constant LFDs irrespective of flow (Fig. 5.2e). At the second level, sites were 
further classified based on the observed slopes and relative magnitudes of LFDs. 
Specifically, four classes (class A-D) were observed within the varying-LFD sites, as 
illustrated in Fig. 5.2a-5.2d. Of these four classes, class A and class B were predominant 
with 13 and 21 observations respectively, while class C and class D were not common 
with 4 and 5 observations respectively. Within the non-varying-LFD class, magnitudes of 
LFDs were observed to vary across lanes. However, since this study is mostly concerned 
with the characterization of between site differences in linear LFD trends, no further 
classification was done within the non-varying-LFD class. Thus, all non-varying-LFD 
sites were categorized as class E. Fig 5.3 shows the distribution of classes for each LFD 
classification.  
We can see from Fig. 5.2a that in class A, the LFD of the median decreases with 
respect to flow, the LFD of the center lane remains constant, and the LFD of shoulder 
lane increases. Moreover, the median lane carries the largest proportion of flow whereas 
the shoulder lane carries the smallest. In class B, the LFD of the shoulder lane decreases 
with respect to flow while the LFDs of the other two lanes increase. In class C, the LFD 
of the shoulder lane increases while the LFDs of the other two lanes decrease. In class D, 
the LFD of the center lane increases while the LFDs of the other lanes decrease. Class E 
represents all of the sites with non-varying LFDs.  
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(e) 
Figure 5.2 General LFD Classes; a) Class a, b) Class b, c) Class c, d) Class d, e) Class e 
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(b) 
Figure 5.3 Class Frequency; a) Varying versus Non-Varying, b) Class Distribution 
 
To systematically characterize the variations among the LFD classes and LFD 
behavior within each class, multiple logistic and Dirichlet regression modeling was 
employed. The model structure and the details of the modeling procedure follow. 
 
Model Structure 
We designed a three-stage model structure as shown in Fig 5.4. The model is 
hierarchically structured in the order of LFD prediction. Stage 1 of the model 
characterizes the factors for the occurrence of varying-LFD versus non-varying-LFD; 
stage 2 consists in identifying differences between classes among the varying-LFD 
classes; and stage 3 focuses on characterizing linear LFD trends (i.e., slopes) with respect 
to the total flow for each LFD class. Multiple logistic regression was used for stages 1 
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and 2, and Dirichlet regression for stage 3.  
At stage 1, the complete dataset consisting of 70 freeway sites was used for 
modeling; the probability of a site presenting varying LFD given the observed traffic and 
geometric attributes was modeled (yes=1, no=0). At stage 2, the data was partitioned to 
study the varying-LFD cases separately from the non-varying LFD sites. In addition, 
class C and class D were excluded from the analysis at this stage due to the low 
frequency of observations. Thus, at stage 2, the differences between class A and class B 
were modeled. Specifically, the probability that a site presented a LFD shape of class B 
given the observed traffic and freeway attributes was modeled (yes=1, no=0). For stage 3, 
the class-specific linear LFD trends with respect to flow were modeled. Dirichlet 
regression models were estimated for each LFD class, including classes C and D, using 
flow as the independent variable and the LFD of each lane as the dependent variables to 
represent the linear LFD trends. Dirichlet regression simultaneously calibrates the models 
for each lane and provides the coefficient estimates that sum up to 1.  
 
Multiple Logistic Regression 
Multiple logistic regression is a very well-known regression analysis technique 
that models the relationship between a binary response variable and two or more 
independent variables. This regression technique uses the logit transformation of the 
probability of the response variable to linearly represent the relationship between the 
response and the independent variables (Kutner et al. 2005). 
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Figure 5.4 LFD Model Structure 
 
In this study, the binary response variables  𝑌! correspond to whether site 𝑖 has 
varying LFD trends for stage 1 of the model, and whether a site has LFD trends of class 
B for stage 2 of the model. The binary variables for both model stages take on a value of 
1 for yes, and 0 otherwise. The variables 𝑌! are described by the collected traffic and 
geometric attributes of each site. Then, the fitted probability that 𝑌! is equal to 1, 𝜋!, is 
given by:  
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𝜋! =    exp  (𝑏! + 𝑏!𝑋!!!!! )1+ exp  (𝑏! + 𝑏!𝑋!!!!! )                                                                                                                                                                                               (5.1) 
where 𝑏! is the maximum likelihood coefficient estimate of the 𝑋! traffic or geometric 
variable that belong to Table 5.1.  
 
Dirichlet Regression 
Dirichlet regression is a recent statistical technique that models compositional 
data and adjusts the coefficient estimation method to the unit-sum constraint proper of 
proportions (Aichison 1982, Campbell and Mosimann 1987a, 1987b, Hijazi 2003, Hijazi 
and Jernigan 2009, Camargo et al. 2012, Maier 2014). The Dirichlet regression parameter 
coefficients are estimated simultaneously by a method of maximum likelihood estimation 
accomplished by numerical optimization (Hijazi and Jernigan 2009). 
In Dirichlet regression, the response variable is transformed such that the resulting 
predicted response variables 𝑝!", LFD of lane 𝑘 for class 𝑙, obey the unit-sum constraint 
of proportions, i.e. each 𝑝!" is bounded by the (0, 1) interval and 𝑝!"!!!! = 1. In this 
study, 𝐾 is equal to the number of lanes modeled, and the single independent variable 𝑋 
represents the total freeway flow. The method to estimate the Dirichlet regression model 
described by Maier (2014) presents two types of parametrizations, the common and the 
alternative, to account for the heteroscedasticity present in proportions data. In this study, 
the common parametrization was used since the coefficient estimates obtained by this 
method are more meaningful in the context of this study (and the method seems simpler 
to estimate and interpret) Then, 𝑝!" is expressed by:  
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𝑝!" =    exp  (𝑏!!" +   𝑏!!"𝑋)  exp  (𝑏!!" +   𝑏!!"𝑋)  !!!!                                                                                                                                                                                           (5.2) 
where 𝑏!!" and 𝑏!!"correspond to the maximum likelihood coefficient estimates. For 
more details on model specifications, assumptions, and estimation methods, please refer 
to Hijazi (2003), Hijazi and Jernigan (2009), and Maier (2014). 
 
Stage 1: Varying LFD vs. Non-Varying LFD 
Multiple logistic regression was used to model the probability that linear LFD 
trends with respect to flow were present at a site. To estimate the model, each site was 
assigned a value of 1 if LFD was observed to vary with respect to flow, and a value of 0 
otherwise. The explanatory variables were the collected site-specific traffic and 
geometric freeway characteristics listed in Table 5.1. The complete dataset consisting of 
70 sites was used for model estimation at this stage.  
Forward selection was used for model selection, in which, the analyst adds one 
variable at a time to the model based on each variable’s individual p-value, starting with 
the variable that is the most significant (Kutner et al. 2005). Because of the exploratory 
nature of the model selection procedure, we used the p-value threshold of 0.2, higher than 
the traditional 0.05 significance level, to avoid excluding significant variables. Individual 
p-values were obtained by fitting simple logistic regression models for each variable. The 
process was repeated until no variables below the threshold were found.  
The open source statistical software R was used to perform the data analysis, 
model estimation, and evaluation (R Core Team, 2014), using the “lmtest” package and 
its “lrtest” function for the likelihood ratio test (Zeileis and Hothorn, 2002). Estimation 
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results of the multiple logistic regression model for varying-LFD are presented in Table 
5.2. As we can see, proximity to a freeway interchange and the presence of an HOV lane 
were found to have a significant effect on the occurrence of LFD trends at the 95 percent 
confidence level. 
Table 5.2 
Stage 1 Multiple Logistic Regression Estimated Model 
 
Independent Variable Estimate Std. Error z value p-value Odds Ratio 
(Intercept) 0.7742 0.3833 2.020 0.0434  
Proximity to freeway 
interchange 
1.7221 0.8346 2.063 0.0391 5.5962 
Presence of HOV lane -1.1689 0.5324 -2.195 0.0281 0.3107 
 
Table 5.3 
Stage 1 Model Performance Measures 
 
 Df Chi-squared p-value AIC 
Null model     
Estimated model 2 9.9349 0.006961 89.416 
Initial model    92.898 
Estimated model 1 5.4824 0.01921 89.416 
 
The likelihood ratio test was used to verify that the selected model was significant 
and that it provided significant explanatory value to the model when compared to simpler 
models of the null and the initial model containing only one explanatory variable. The 
results obtained from both likelihood ratio tests are summarized in Table 5.3. As we can 
see, the estimated model provides significant additional explanatory value of the response 
variable as indicated by the small p-values of 0.007 and 0.019 for test 1 and test 2 
respectively. Furthermore, the Akaike information criterion (AIC) was used to compare 
the performance of the chosen model in comparison to the simpler models. AIC measures 
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the information lost when a model is chosen to describe a particular process (Kutner et al. 
2005), and it is a measure of model performance in comparison to alternative models. 
The best model is usually the one that minimizes AIC. The AIC values for each model 
are summarized in Table 5.3, which corroborate the superiority of the estimated model 
compared to the simpler initial model.  
We also analyzed the estimated parameter coefficients and odds ratios. We see 
from Table 5.2, that the odds of having varying-LFD are almost 6 times greater for a site 
close to a freeway interchange, when the HOV lane variable is held constant. On the 
other hand, the odds are 3.22 (1/0.3107) greater for a site without an HOV lane for any 
given proximity to a freeway merge. These results suggest that proximity of a site to a 
freeway interchange increases the probability of the site of having varying-LFD, while 
the presence of an HOV lane decreases its probability. The increased probability of 
varying LFD for sites located near freeway merges could be caused by increased lane 
changing maneuvers due to major merging and diverging activity around freeway 
interchanges. Similarly, the decreased probability of varying LFD in freeways with an 
HOV lane could be related to the previously observed HOV lane smoothing effect due to 
decreased disruptive lane changing maneuvers toward the median lanes (Cassidy et al., 
2010). Furthermore, the proposed model was applied on the training data to further 
evaluate model performance. The model predicts the probability of having varying-LFD 
for each observation (i.e., site) given the values of the independent variables. Thus, 
varying-LFD was predicted for predicted probabilities equal to or greater than 0.5 and 
non-varying-LFD otherwise. The results obtained are summarized in Table 5.4, where the 
classification, true positive and true negative rate are shown. We can observe that the 
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estimated model provides a reasonable overall performance on the training data since it 
predicted the correct class on 67.14 percent of the training data. In addition, we can 
observe that the model is better at accurately predicting varying-LFD as shown by the 
true positive rate of 74.42 percent compared to the true negative rate of 55.55 percent. 
The relatively low true negative rate can be explained by the model’s tendency to favor 
positive outcomes. Since both independent variables are binary variables with only two 
possible outcomes, there are only four possible outcome probabilities estimated by the 
model. Thus, if any of the variables that increases the probability of varying LFD is 
present in a site, the model will predict a probability higher than 0.5 (as shown in Table 
5.5), and it will subsequently predict a site as varying LFD. 
Table 5.4 
Stage 1 Prediction Results 
 
Correctly classified 67.14 % 
Incorrectly classified 32.86 % 
True positive rate 74.42 % 
False positive rate 44.44 % 
True negative rate 55.55 % 
False negative rate 25.58 % 
 
Table 5.5 
Predicted Probabilities from the Estimated Model 
Proximity to Freeway Interchange Presence of HOV Lane Predicted Probability 
Yes Yes 0.790 
Yes No 0.924 
No Yes 0.403 
No No 0.684 
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It is important to note that, due to the small sample size available for this study, 
we chose to use the entire dataset for model calibration only; however model validation 
with many sites is desired for future studies. Overall, the model provides a good baseline 
for predicting varying-LFD versus non-varying-LFD. In addition, the model provides 
insightful findings that help us to identify key traffic and geometric characteristics that 
affect the occurrence of varying-LFD trends.  
 
Stage 2: Class A vs. Class B 
Stage 2 of the model is concerned with identifying differences in LFD trends 
within the varying-LFD classes. As previously mentioned, class C and class D were 
observed to be rare. To avoid modeling rare events and better characterize differences 
between the common classes, class C and class D were excluded in stage 2. Notably, 
these sites exhibited rather unusual geometric features such as two closely-spaced on-
ramps, two consecutive major off-ramps near a freeway interchange, and a tunnel. 
Evidently, these geometric features have a significant influence in LFD trends. Data from 
more sites are needed in the future to verify this conjecture and better characterize LFD 
trends of these classes.  
Multiple logistic regression was used to model the probability that a site had 
varying LFD trends corresponding to class B, as opposed to class A. To estimate the 
model, each site was assigned a value of 1 if it exhibited class B LFD trends (Fig. 5.2a), 
and 0 otherwise (Fig. 5.2b). The dataset for this stage consisted of 34 sites, 13 of which 
belong to class A and 21 to class B. To reduce bias in model estimates due to the 
relatively small sample size, the Firth’s penalized likelihood estimation method was used 
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(Firth, 1993). Firth’s logistic regression method was applied using the “logistf” package 
and function in R (Heinze et. al, 2013). Forward selection, as previously described, was 
used for model selection. Because of the small sample size, a p-value threshold of 0.2 
was chosen to avoid excluding important variables. Similarly, the likelihood ratio test and 
the AIC criterion were used to verify that the selected model provided significant 
additional explanatory value when compared to simpler models. The estimated model is 
shown in Table 5.6.  
Table 5.6  
Stage 2 Model Estimation Results   
 
Independent Variable Estimate Std. Error Chi-squared p-value Odds Ratio 
(Intercept) 3.7600 1.5472 9.4441 0.0021  
Congestion indicator  -0.1342 0.0623 6.2549 0.0124 0.8744 
Presence of HOV lane -2.4763 1.1347 6.5336 0.0106 0.0840 
 
Table 5.7 
Stage 2 Model Performance Measures 
 
 Df Chi-squared p-value AIC 
Initial model 1 2.0708 0.1501 -0.07086 
Estimated model 2 8.2409 0.01624 -4.24093 
 
The results in Table 5.6 show that congestion indicator and presence of an HOV 
lane have the greatest influence in the occurrence of class B LFD trends. The likelihood 
ratio test results, as summarized in Table 5.7, further confirm the importance of including 
both variables. We can see by the relatively high p-value that the initial model including 
only one variable does not provide sufficient explanatory value to the model. On the 
other hand, the estimated model is significant at the 95 percent confidence level, 
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suggesting that including both variables in the model provides superior explanatory 
value. In addition, the estimated AIC values further confirm the superiority of the 
estimated model, since the estimated model is the one that minimizes the AIC value.  
We can further draw inference on the modeled LFD behavior from the estimated 
parameter coefficients and odds ratios in Table 5.6. For every one-unit decrease in the 
congestion indicator, the odds of having class B LFD trends increase by 1.15 (1/0.8744), 
when the presence of HOV variable is held constant. Furthermore, the odds of class B 
LFD trends are almost 12 times (1/0.084) greater for a site without an HOV lane when 
congestion indicator is held constant. The results suggest that as the congestion indicator 
increases, the probability of a site of having varying-LFD trends of class B in comparison 
to class A decreases. Likewise, the model also indicates that the presence of an HOV lane 
decreases the probability of a site of having varying-LFD trends of class B compared to 
class A.  The increased probability of varying-LFD trends of class B for increased levels 
of recurrent congestion can be due to decreased lane changing maneuvers restricted by 
the higher levels of congestion present, causing more uniform LFD trends typical of class 
B in comparison to class A. Likewise, as mentioned before, the smoothing effect of the 
HOV lane can be a plausible explanation for the increased probability of class B LFD 
trends in the presence of an HOV lane since, once again, class B exhibits more uniform 
LFD trends when compared to class A trends. Note that the presence of an HOV lane was 
found to be significant in both stages of the model, yet only in the presence of two 
different additional variables. This suggests that there is a complex relationship between 
LFD behavior and HOV lanes, which is an interesting finding that merits further 
investigation.  
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Similar to stage 1, the estimated model was applied on the training data to further 
evaluate the model performance. The model predicts the probability of having class B 
LFD trends for each site given the values of the independent variables. Again, the cut-off 
probability used was 0.5; class B was assigned for predicted probabilities greater than 0.5 
and class A otherwise. The results in Table 5.8 show that the model provides a good 
classification performance rate with accuracy of 70.59 percent. Furthermore, the model is 
very good at accurately predicting the occurrence of class B with the true positive rate of 
80.95 percent. Nonetheless, the relatively high false positive rate of 46.15 percent 
suggests that the model, similar to stage 1 model, favors the prediction of positive values. 
In this case, this is conjectured to be due to the higher amount of positive values in the 
training data in combination with the relatively small sample size. For future model 
refinement, an increased and better balanced dataset is suggested to remedy this issue. 
Table 5.8  
Stage 2 Prediction Results 
 
Correctly classified 70.59 % 
Incorrectly classified 29.41 % 
True positive rate 80.95 % 
False positive rate 46.15 % 
True negative rate 53.85 % 
False negative rate 19.05 % 
 
Stage 3: Class-Specific Linear LFD Trends with Respect to Flow 
The third model stage is concerned with estimating models that represent the 
class-specific linear LFD trends (for classes A-D) with respect to total flow during 
congestion. Dirichlet regression was used at this stage to take into account the unit-sum 
constraint inherent of proportions data. The package and function “DirichletReg” in R 
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was used to estimate the models under common parameterization (Maier, 2012). In 
Dirichlet regression, the LFDs of all lanes are modeled simultaneously. The data was 
partitioned into each LFD class and the LFD versus flow data obtained for each site was 
used to estimate the models. The sample size varied between classes depending on the 
number of sites within each class and the length and number of congestion events 
identified for each site. A summary of the number of sites and sample size for each class 
model is provided in Table 5.9.  
Stage 3 modeling results are presented in Table 5.10 and Table 5.11. We can 
clearly see that the linear relationship between LFD and the total freeway flow is 
statistically significant at the 95 percent confidence level, as evidenced by the extremely 
low p-values of the flow variable and AIC values for all the cases and classes. 
Furthermore, Fig. 5.11 shows the predicted linear LFD trends for each class. We can see 
that the linear LFD trends are clearly represented by the Dirichlet regression models. The 
regression models are able to reproduce the linear LFD trends with respect to flow for 
almost every lane of every class (expect for lane 3 of class D) very accurately.  
Table 5.9 
Class-Specific Sample Size Summary 
 
 Number of Sites Total Sample Size 
Class A 13 128,327 
Class B 21 152,632 
Class C 4 37,420 
Class D 5 17,941 
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Table 5.10 
Stage 3 Model Estimation Results 
 
Lane Beta-coefficients Estimate Standard 
Error 
z-value p-value 
Class A 
1 Intercept -4.795e-01 1.682e-02 -28.5 <2e-16 
 Flow 1.216e-03 3.941e-06 308.7 <2e-16 
2 Intercept -6.774e-01 1.656e-02 -40.9 <2e-16 
 Flow 1.247e-03 3.884e-06 321.1 <2e-16 
3 Intercept -9.955e-01 1.661e-02 -59.93 <2e-16 
 Flow 1.279e-03 3.895e-06 328.51 <2e-16 
Class B 
1 Intercept 4.487e-02 9.289e-03 4.83 1.36e-06 
 Flow 1.012e-03 2.328e-06 434.76 2e<-16 
2 Intercept 1.345e-02 8.957e-03 1.501 0.133 
 Flow 1.012e-03 2.250e-06 449.812 <2e-16 
3 Intercept 3.211e-01 9.422e-03 34.08 <2e-16 
 Flow 9.159e-04 2.359e-06 388.21 <2e-16 
Class C 
1 Intercept 2.567e+00 1.871e-02 137.2 <2e-16 
 Flow 4.576e-04 4.537e-06 100.9 <2e-16 
2 Intercept 2.492e+00 1.929e-02 129.24 <2e-16 
 Flow 4.618e-04 4.673e-06 98.82 <2e-16 
3 Intercept 2.109e+00 2.071e-02 101.9 <2e-16 
 Flow 5.750e-04 4.999e-06 115.0 <2e-16 
Class D 
1 Intercept -2.171e-01 2.076e-02 -10.46 <2e-16 
 Flow 8.246e-04 4.541e-06 181.61 <2e-16 
2 Intercept -2.091e-01 2.054e-02 -10.18 <2e-16 
 Flow 9.019e-04 4.495e-06 200.64 <2e-16 
3 Intercept -3.495e-01 2.106e-02 -16.6 <2e-16 
 Flow 8.688e-04 4.603e-06 188.8 <2e-16 
 
Table 5.11 
Stage 3 Model Performance Measures 
 
 Log-likelihood Df AIC 
Class A 160681 6 -321351 
Class B 573605 6 -1147199 
Class C 583836 6 -1167661 
Class D 61869 6 -123679 
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(c) 
 
 
(d) 
Figure 5.5 Dirichlet Models; a) Class a, b) Class b, c) Class c, d) Class d 
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CONCLUSIONS AND FUTURE RESEARCH 
In this study, we empirically analyzed freeway merge ratios to evaluate the 
existing estimation method based on lane counts and two theoretical principles of 
merging behavior. We found that contrary to some previous findings, merge ratio can 
vary with respect to the merge outflow and that merge ratio estimates based on lane 
counts are not able to predict the variation. Based on the empirical findings, we 
formulated merge ratios based on LFD to better represent lane-specific traffic features 
and variations between and within sites. The results showed that the proposed methods 
based on LFD can improve merge ratio estimates and reproduce within-site variations of 
merge ratio.  
We also found that merge geometry has a significant impact on the ability of a 
merging scheme to represent actual merging behavior. The fair-share principle was 
shown to be reasonable for merges without direct competition between merging streams 
(type 1 merges). For this type of merges, lane ratios can be used as reasonable 
approximates for average merge ratios. However, we recommend the use of LFD-based 
merge ratios whenever possible to account for any within-site trend in merge ratio as well 
as differences in the magnitude between sites with similar geometry.  
On the other hand, we found that neither merging principle was able to adequately 
represent the merging behavior for type 2 merges, where merging streams compete 
directly due to a lane drop. Particularly, we observed a more complex, non-uniform 
redistribution of flow at type 2 merges, not described by previous merging principles. 
Motivated by this finding, we developed a LFD-based merge model specific for type 2 
merges to represent non-uniform redistribution of merging flow across lanes. The 
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calibration results showed that the proposed scheme is able to provide good merge ratio 
estimates, reproduce within-site merge ratio trends well, and better describe actual 
redistribution of flow after merging. While more sites are needed to refine model 
calibration and perform model validation, the results from this research show promise in 
representing the actual merging behavior dependent on merge geometry.   
Still, further studies are needed to address the impact of several factors not 
investigated in this study due to the limitations of our dataset. Those include more 
complex geometries (e.g., lane reductions higher than one lane, auxiliary lanes, and off-
ramps), type of minor merging approach (on-ramp vs. freeway-to-freeway connector), 
and truck percentage. Furthermore, merging behavior at active bottlenecks may be 
fundamentally different, and future studies are necessary to elucidate the difference.  
Finally, the performance of our merge ratio models hinges on the estimated LFD 
trends immediately downstream of a merge. Thus, it is important to be able to 
characterize LFD trends and predict them in an accurate and efficient manner. For this 
reason, this dissertation also investigated traffic and geometric freeway characteristics 
that affect the occurrence of site-specific LFD trends. Specifically, we employed 
statistical methods to systematically characterize factors that affect between and within 
site differences in recurrent LFD trends during congestion via a three-stage model 
structure. Multiple logistic and Dirichlet regression were used at different model stages 
according to the specific needs of each model level. The models were estimated using 
real data from 70 three-lane freeway sites. In stage 1, multiple logistic regression was 
used to characterize the occurrence of significant LFD trends in comparison with constant 
LFD. We observed that proximity to a major freeway interchange and the presence of an 
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HOV lane are significant factors for varying-LFD trends. In stage 2, we further identified 
based on multiple logistic regression that the congestion indicator and the presence of an 
HOV lane have a significant impact in the occurrence of two common varying-LFD 
classes. In stage 3, class-specific Dirichlet regression models were estimated to model the 
recurrent linear LFD trends with respect to flow particular of each class. The estimated 
models were effective in representing the class-specific linear LFD trends. 
This dissertation work shed light on lane-specific traffic behavior by unveiling 
key traffic and freeway characteristics that affect recurrent LFD trends using a large data 
set and an innovative modeling technique. Nevertheless, further research with more sites 
is needed to better understand recurrent LFD trends for freeways with higher number of 
lanes and to better characterize less common LFD trends. The innovative modeling 
framework and findings from this study can be a building block for further inquiry in the 
topic. The findings and contributions of this research also have important impacts in 
traffic control since the design and implementation of effective traffic management 
strategies require fundamental understanding of traffic behavior and depend on the 
accurate prediction of congestion onset and evolution. 
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APPENDIX A 
 
MERGE SITES SCHEMATICS 
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Figure A.1 Merge 1 Schematic  
 
 
 
Figure A.2 Merge 2 Schematic  
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Figure A.3 Merge 3 Schematic 
 
 
 
Figure A.4 Merge 4 Schematic  
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Figure A.5 Merge 5 Schematic  
 
 
 
Figure A.6 Merge 6 Schematic  
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Figure A.7 Merge 7 Schematic  
 
 
 
Figure A.8 Merge 8 Schematic  
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Figure A.9 Merge 9 Schematic  
 
 
 
Figure A.10 Merge 10 Schematic  
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Figure A.11 Merge 11 Schematic  
 
 
 
Figure A.12 Merge 12 Schematic  
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APPENDIX B 
 
LFD-BASED MERGE RATIO ESTIMATION RESULTS 
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(a) 
 
 
(b) 
Figure B.1 Merge 2 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
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Figure B.2 Merge 3 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
Ratio versus Merge Outflow 
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Figure B.3 Merge 4 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
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(a) 
 
 
 
(b) 
Figure B.4 Merge 5 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
Ratio versus Merge Outflow 
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(a) 
 
 
 
(b) 
 
Figure B.5 Merge 6 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
Ratio versus Merge Outflow 
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(a) 
 
 
 
(b) 
Figure B.7 Merge 7 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
Ratio versus Merge Outflow 
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Figure B.7 Merge 8 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
Ratio versus Merge Outflow 
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Figure B.8 Merge 9 Result ; a) Predicted versus Observed Merge Ratio, b) Merge 
Ratio versus Merge Outflow 
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Figure B.9 Merge 10 Result ; a) Predicted versus Observed Merge Ratio, b) 
Merge Ratio versus Merge Outflow 
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Figure B.10 Merge 12 Result ; a) Predicted versus Observed Merge Ratio, b) 
Merge Ratio versus Merge Outflow 
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